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Abstract

High-throughput photonic systems enable ultrafast data acquisition in many ap-

plications, but the large volumes of generated data create significant challenges for

real-time signal processing. This thesis investigates optical approaches for high-

throughput applications using machine learning-based reservoir computing (RC).

As a simplified form of recurrent neural networks (RNNs), RC significantly re-

duces training complexity while maintaining strong capability in processing time-

sequential data, making it particularly suitable for classification and prediction

tasks in high-speed systems.

RC is first employed as a back-end data analysis tool for two high-throughput

applications: indoor user localization and frequency hopping recognition. In the

indoor localization system, RC is integrated with a photonic time-stretch frame-

work using a 45° tilted fiber grating (TFG), enabling real-time tracking and accu-

rate position identification of users. A proof-of-concept experiment demonstrates

improved localization performance. In the frequency hopping recognition system,

RC is applied in the post-processing stage to identify frequency transitions, en-

abling accurate detection of hopping time and duration while improving system

responsiveness.

Building on these applications, an optical hardware implementation of reser-

voir computing is proposed and experimentally demonstrated. The system com-

bines spectrum mixing, photonic time stretch, and a delay-based memory struc-

ture to enable efficient high-speed processing. In this design, both wavelength

i



and time dimensions are utilized as reservoir nodes, significantly expanding the

number of virtual nodes and overcoming limitations in conventional hardware

reservoir implementations. Simulation studies investigate key system parameters,

including node number, optical feedback strength, and the gain characteristics of

the semiconductor optical amplifier (SOA). Experimental results further validate

the system through waveform classification and frequency classification tasks.

To further improve processing speed and enable real-time operation, a novel

optical masking scheme is introduced. By embedding the mask directly within

the optical link, this approach eliminates the electronic bottleneck associated

with conventional pre-masking procedures and enables fully optical preprocess-

ing. Three optical mask implementations are investigated and experimentally

evaluated. The results demonstrate improved classification accuracy and highlight

the potential of all-optical masking for high-speed photonic reservoir computing

systems.

Overall, this work demonstrates that optical reservoir computing provides an

effective solution for high-throughput machine learning tasks, offering significant

advantages in processing speed, scalability, and real-time capability. The proposed

architectures and techniques contribute to the development of next-generation

photonic computing systems for ultrafast signal processing and intelligent optical

sensing.
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Chapter 1

Introduction

1.1 Background

With the rapid growth of data-intensive applications such as biomedical imag-

ing, high-speed optical communication, and ultrafast spectroscopy, the demand

for high-throughput detection has increased significantly. High-throughput detec-

tion refers to the ability to rapidly acquire and process large volumes of samples

or signals within a short time window [1, 2]. Its workflow typically involves au-

tomated data acquisition and fast information processing, enabling efficient and

precise analysis. Typical applications include biomedical imaging and diagnos-

tics, high-speed optical communication monitoring, and ultrafast spectroscopy,

spanning both academic research and industrial sectors [3, 4].

Compared with conventional detection methods [5, 6, 7, 8], high-throughput

detection enables simultaneous or rapid sequential processing, significantly im-

proving the efficiency of data acquisition and analysis. As a result, it offers higher

processing speed, improved accuracy, and enhanced scalability.

Applications of high-throughput detection span multiple fields, including

biomedical imaging [9] and diagnostics [10], high-speed optical communication
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[11], and ultrafast spectroscopy [12]. For instance, in biomedical imaging, it en-

ables real-time analysis of cells and tissues, facilitating early disease diagnosis.

In optical communication, high-throughput detection enhances data transmission

rates and signal integrity, optimizing the efficiency of modern communication net-

works.

As the demand for high-throughput detection continues to rise, the need for

faster and more accurate data acquisition has become increasingly critical. A

major challenge that follows is managing the extremely large volumes of collected

data, which can easily exceed several gigabytes per second in typical photonic

time-stretch systems due to the high sampling rates (tens to hundreds of mega-

samples per second (MSa/s)) and wide optical bandwidths involved [13]. Tra-

ditional approaches, such as digital signal processing (DSP) [14] and Fourier-

transform-based techniques[15], typically require extensive post-processing and

significant computational resources. As data rates continue to increase, these

methods struggle to efficiently handle large-scale datasets. Typical high-speed

DSP pipelines consume tens of watts of power and require billions of operations

per second for real-time processing. For instance, FFT-based signal processing at

multi-gigahertz sampling rates demands extremely high computational through-

put on FPGA or GPU platforms [16]. As a result, they introduce delays that

prevent real-time decision-making, limiting their effectiveness in time-sensitive

applications.

To address these challenges, there is an urgent need to develop novel data

processing methods that achieve an optimal balance between processing speed

and accuracy. This calls for the development of a new high-throughput detection

system capable of handling large datasets efficiently, accurately, and in real time.

Photonic Time Stretch (PTS) [17, 18] has emerged as a powerful technique

for high-throughput detection and ultrafast optical signal acquisition. It operates

by using optical dispersion to slow down high-speed signals before digitization,
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enabling the capture of rapid transient events that electronic detectors struggle

to detect. By overcoming the speed limitations of conventional electronic devices,

PTS has found applications in various fields, including biomedical imaging for

single-cell analysis [19, 20, 21], real-time ultrafast spectral analysis in spectroscopy

[22], and enhanced signal detection in high-speed optical communication [23].

Despite its advantages, PTS-based systems generate extremely large datasets,

often reaching hundreds of megabytes to several gigabytes per second in practical

implementations. For example, in state-of-the-art STEAM imaging, the real-time

digitizer operates at 50 GSa/s, corresponding to a raw data throughput of over 60

GB/s for a 10-bit acquisition [24]. Traditional data processing methods are com-

putationally expensive, leading to high power consumption and processing delays,

making them impractical for large-scale PTS data. Machine learning [25] has

emerged as a promising solution for high-throughput data processing, addressing

the limitations of conventional digital signal processing (DSP) methods [26]. Ma-

chine learning algorithms efficiently handle complex, high-dimensional datasets,

adapt to new patterns, and significantly reduce computational complexity, making

them ideal for scalable and efficient PTS data processing [27].

Among various machine learning approaches, Recurrent Neural Networks

(RNNs) [28, 29, 30] are widely used for processing time-series data due to their

ability to capture temporal dependencies in sequential inputs. This makes them

well-suited for handling the continuous data streams generated by PTS. However,

RNNs have significant drawbacks, including long training times, vanishing gra-

dient issues, and high computational costs, limiting their efficiency in real-time

applications.

To overcome these challenges, Reservoir Computing (RC) has emerged as a

more efficient neural network architecture [31]. RC utilizes a fixed, randomly

initialized reservoir to project input data into a higher-dimensional space, signif-

icantly reducing the need for extensive training [32]. Because the reservoir is a
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recurrent dynamical system with intrinsic temporal memory, its internal states

naturally encode correlations across time, making RC particularly effective for

time-series processing. The nonlinear dynamics of the reservoir allow it to capture

both short- and long-range temporal dependencies without requiring backpropa-

gation through time. This approach is particularly effective for processing time-

gated data, such as the high-speed optical signals produced by PTS. Compared to

traditional RNNs, RC offers faster training times and lower computational costs,

making it a promising solution for high-throughput detection [33].

Given the strengths of PTS in ultrafast detection and RC in efficient time-

series processing, this thesis explores their integration to develop a novel data-

processing solution for high-throughput detection systems that balances speed and

computational efficiency. The key contributions of this research include: Devel-

oping a hybrid system that combines PTS with Reservoir Computing to optimize

high-throughput detection. Exploring all-optical reservoir computing to further

reduce reliance on DSP and enhance real-time processing capabilities, which is

important because optical processing avoids electronic bottlenecks and enables

ultralow-latency handling of PTS-scale data rates.

By leveraging the complementary advantages of PTS and RC, this thesis aims

to overcome the limitations of traditional DSP-based methods, enabling a faster,

more efficient high-throughput detection system for applications in biomedical

imaging, ultrafast spectroscopy, and high-speed communication networks.

1.2 Challenges and Aims

As the demand for high-throughput detection continues to grow, this technology

has undergone rapid advancements. The integration of high-throughput detec-

tion with photonic methods has attracted significant research interest due to its

ability to process signals at the speed of light. This combination offers several
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advantages, including high sensitivity, precision, and rapid processing, while also

enabling non-invasive and label-free detection. Currently, research in photonic

reservoir computing primarily focuses on enhancing prediction/classification accu-

racy and improving processing speed to meet the increasing demands of real-time

applications.

Key Challenges in High-Throughput Detection:

Currently, there are two primary challenges in high-throughput detection:

• Data Overload and Real-Time Processing: Real-time high-throughput

detection generates massive volumes of data within a short period. Effi-

ciently managing, storing, and processing such large datasets in real time

remains a major challenge. Traditional computational methods struggle

with scalability, leading to processing bottlenecks. Optimized algorithms

and advanced processing techniques are needed to maintain efficiency while

reducing delays.

• Balancing Accuracy and Speed: Even when real-time processing is

achieved, maintaining high classification and prediction accuracy remains a

critical challenge. Trade-offs between speed and accuracy can impact system

performance, as delays or misclassifications reduce reliability in real-world

applications. Thus, optimizing data processing pipelines to maintain both

high speed and precision is essential.

Research Objectives:

This thesis aims to address these challenges by developing an all-optical reser-

voir computer that leverages the advantages of photonic time stretch. The research

objectives of this thesis can be summarized as follows:

• To develop a Novel Photonic Reservoir Computing Structure: Un-

like traditional photonic reservoir computing systems, this work integrates
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photonic time stretch, which maps signals between wavelength and time

to create virtual nodes for nonlinear processing. This approach can sig-

nificantly increase the number of nodes in the reservoir layer, enhancing

computational capacity and overcoming limitations in conventional setups.

• To improve classification accuracy with all-optical masking in

Reservoir computing: To improve classification accuracy, an optical mask

scheme is introduced, which alleviates electronic bandwidth limitations by

performing the modulation in the optical domain. Several optical masking

techniques are proposed and experimentally evaluated. The results iden-

tify the most effective scheme for improving classification accuracy. This

strategy enhances the efficiency of the system while maintaining high-speed

processing.

This work therefore focuses on developing a hardware-efficient photonic reser-

voir computing architecture that can process time-stretched signals in real time

while maintaining high classification accuracy.

1.3 Contributions of this Thesis

This thesis makes several distinct contributions to the field of photonic time stretch

and reservoir computing, particularly in high-throughput detection and optical

computing systems. The key contributions are as follows:

• RC-assisted Indoor User Localization System: A novel indoor user lo-

calization system integrating photonic time stretch and reservoir computing

is proposed. The system employs a 45-degree Tilted Fiber Bragg Grat-

ing (TFBG) as a diffraction device to spatially disperse wavelengths. User

positions are determined by reflecting light of specific wavelengths off in-

dividuals, with time-of-flight measurements recorded via an oscilloscope.
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Reservoir computing (RC) is utilized for post-processing, enabling accurate

recognition of light-carried information and precise localization of multiple

users.

• A Photonic Reservoir Computing Architecture for PTS Systems:

Traditional electronic hardware implementations of reservoir computing of-

ten face limitations in scaling the number of physical nodes due to memory,

power, and circuit complexity constraints. In contrast, photonic reservoir

systems based on time-multiplexing can readily achieve thousands of vir-

tual nodes, as demonstrated in prior work. Building on this capability, this

thesis presents an all-optical reservoir computing system based on photonic

time stretch and spectrum mixing. Spectrum mixing is employed to gen-

erate virtual nodes, thereby increasing the capacity of the reservoir layer.

Semiconductor Optical Amplifiers (SOAs) are utilized to provide nonlinear

processing, operating in a strongly nonlinear regime. The system is vali-

dated through frequency classification and spoken-digit recognition tasks,

demonstrating superior performance compared to conventional methods.

• Photonics Reservoir Computing with an Optical Mask Scheme:

To further enhance processing speed and classification performance, an op-

tical mask scheme is integrated into the photonic reservoir computing sys-

tem. Building on recent optical masking approaches using free-space or

photonic-integrated platforms [34], this work investigates three optical mask

techniques specifically tailored for photonic time-stretch signals. In these

schemes, wavelength-dependent spectral filtering is mapped into the tem-

poral domain after photonic time-stretching, thereby enriching the reser-

voir node states, increasing feature diversity, and improving the separability

of different input classes. The parallel diffraction-grating mask introduces

programmable spatial-spectral encoding; the Mach-Zehnder Interferometer
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(MZI)-based mask provides interference-induced spectral modulation; and

the Single-Mode-Multimode-Single-Mode (SMS) fiber mask exploits mul-

timode interference to generate a more complex non-uniform spectral re-

sponse. A comparative analysis of these schemes demonstrates improved

classification accuracy and processing efficiency, establishing a robust foun-

dation for future photonic reservoir computing applications.

1.4 Thesis Outline

Chapter 1 introduces the background and motivation of the research, outlines the

key challenges in high-throughput detection, and summarizes the main contribu-

tions of this thesis.

Chapter 2 presents the theoretical background of the research, including the

principles of photonic time stretch and reservoir computing. It begins with an

in-depth discussion of Photonic Time Stretch (PTS), covering its mathematical

principles, photonic mechanisms, and applications explored in previous studies.

Since this thesis focuses on reservoir computing (RC), a specialized form of re-

current neural networks (RNNs), the chapter examines how RC overcomes the

training challenges of RNNs. It further categorizes and analyzes different types

of reservoir computing architectures, with a focus on advancements in Photonic

Reservoir Computing (PRC). Various implementations are reviewed, including

electro-optical reservoir computing, all-optical reservoir computing, and integrated

photonic reservoir computing based on photonic integration chips.

Chapter 3 investigates the application of reservoir computing in high-

throughput signal analysis, including indoor user localization and frequency-

hopping recognition. The first application is Indoor User Localization: RC is

used to process reflected signals containing spatial information, enabling precise

indoor positioning of users based on light reflections. The second application is
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Frequency Hopping Detection and Recognition: RC is applied to identify hopping

times and classify different frequency bands, enhancing the accuracy of frequency

hopping communication systems.

Chapter 4 introduces a photonic reservoir computing architecture based on

photonic time stretch and spectral mixing. In this approach, wavelengths are se-

lected as nodes in the reservoir layer, and nonlinear processing is achieved through

a semiconductor optical amplifier. Long short-term memory is realized using a

variable optical attenuator to adjust feedback strength. The proposed system is

tested using basic waveform classification and spoken-digit classification tasks.

Chapter 5 presents an enhanced photonic reservoir computing system incorpo-

rating optical input masking techniques. To enhance processing speed and address

hardware bandwidth limitations, an all-optical reservoir computing system is in-

troduced, incorporating an optical mask as a programmable optical filter. Three

optical mask designs are explored. The first is Parallel Diffraction Gratings –

introduces spatial encoding for signal processing. The second is Mach-Zehnder

Interferometer (MZI)-Based Optical Mask – utilizes interference-based feature ex-

traction. The third is Single-Mode-Multimode-Single-Mode (SMS) Fiber-Based

Optical Mask – enhances mode dispersion for improved system performance. A

comparative analysis reveals that the SMS fiber-based optical mask achieves the

best performance, optimizing the trade-off between processing speed and accuracy.

Chapter 6 concludes the thesis and discusses potential directions for future

research. This chapter summarizes the key findings of the research and discusses

future directions for advancing photonic reservoir computing and high-throughput

detection.
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1.5 Summary

This chapter has introduced the research motivation, identified the key challenges

associated with high-throughput optical signal processing, and outlined the ob-

jectives and main contributions of this thesis. By positioning reservoir computing

within the context of photonic time-stretch systems, the chapter establishes the

foundation for the proposed all-optical architecture.

The following chapter presents the theoretical background of photonic time

stretch, machine learning, and reservoir computing, providing the fundamental

principles required for understanding the proposed system design.
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Chapter 2

BACKGROUND STUDY AND

LITERATURE REVIEW

Chapter 1 introduced the motivation and significance of this thesis, as well as

the key challenges associated with high-throughput detection across various ap-

plication domains. This research is built upon two key concepts: Photonic Time

Stretch (PTS) and Reservoir Computing (RC). In this chapter, I will explore the

theoretical foundations of PTS and its integration with machine learning, particu-

larly in achieving photonic reservoir computing (PRC). This combination provides

an effective solution to the challenges outlined in Chapter 1, enhancing real-time

data processing and improving the efficiency of high-throughput detection sys-

tems.

Photonic time stretch enables ultrafast optical signal acquisition, which conse-

quently generates massive volumes of real-time data and creates significant chal-

lenges for efficient data processing. Machine learning provides a promising solution

due to its ability to handle complex, high-dimensional data efficiently. Among ma-

chine learning models, Recurrent Neural Networks (RNNs) are particularly suited

for time-series data processing. However, their long training times and high com-

putational complexity limit their applicability in real-time systems.
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The remainder of this chapter is organized as follows:

• The first part presents the mathematical foundations and principles of pho-

tonic time stretch. This section provides a mathematical analysis of ultra-

short optical pulse propagation and the fundamental principles of photonic

time stretch (PTS). It then explores dispersive Fourier transformation, ex-

plaining how PTS is achieved and how wavelength-to-time mapping is es-

tablished. The section concludes with a discussion on various applications

of PTS across different fields.

• The second part introduces machine learning concepts and reservoir com-

puting. This section introduces key machine learning concepts, including

Artificial Neural Networks (ANNs), Feedforward Neural Networks (FFNNs),

and Recurrent Neural Networks (RNNs). It then presents reservoir comput-

ing (RC), emphasizing its advantages in processing time-series data with low

computational cost and high efficiency. The mathematical model, structural

components, and training procedure of RC are detailed.

• Furthermore, second section also explores photonic reservoir computing

(PRC) and its inherent benefits when integrated with photonic techniques.

Several examples of PRC implementations are provided, along with a liter-

ature review of recent advancements in the field. The discussion highlights

existing methodologies, technological challenges, and future research direc-

tions in photonic reservoir computing.

The theoretical models and concepts explored in this chapter serve as the foun-

dation for subsequent chapters, where they are further applied and expanded in

photonic reservoir computing applications in high-throughput detection systems.
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2.1 Photonic Time-Stretch

2.1.1 Fundamentals of time stretch

Ultrafast photonics plays a critical role in sensing and detection across a wide

range of scientific and engineering fields [35]. However, conventional techniques

often struggle to detect ultrafast non-stationary processes, primarily due to in-

sufficient response times and the inability to capture rapid changes in real time

[36].

In real-time optical measurements, two key challenges limit the effectiveness

of current methodologies [37, 38]. The first is the limitations of Analog-to-Digital

Converters (ADCs) [39].

In real-time data acquisition, a fundamental trade-off exists between sam-

pling speed and accuracy. Increasing the sampling rate requires shorter aperture

times and faster comparator operation, which amplifies thermal noise, quantiza-

tion errors, and clock jitter. Consequently, high-speed ADCs (> 1 GS/s) typically

achieve only 6–8 bits of resolution, making precise digitization of ultrafast signals

difficult. The second challenge is the trade-off between conversion speed and sensi-

tivity in the optoelectronic front-end [40]. Higher photoelectric conversion speeds

reduce photon collection time, lowering the SNR and thus decreasing detection

sensitivity, making it difficult to detect weak or low-contrast ultrafast events while

maintaining high operation speeds.

In many ADCs, noise and distortion may reduce the accuracy of signal repre-

sentation. To address this, the Effective Number of Bits (ENOB) is used as a key

performance metric. ENOB quantifies the number of effective bits that contain

meaningful information, offering a more accurate assessment of ADC performance.

It is typically measured at a specific analog input frequency and serves as a critical

parameter for evaluating the effectiveness of ADCs in high-speed signal processing.

ENOB can be mathematically expressed as:
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ENOB =
10 × log10

(
Psignal

Pnoise+Pdistortion

)
− 1.76

6.02 (2-1)

where Psignal, Pnoise and Pdistortion represent the powers of the signal, noise, and

distortion, respectively, it is assumed that the input signal amplitude corresponds

to the full-scale range of the ADC input. Generally, ENOB decreases as the signal

frequency increases.

To overcome the speed limitations of ADCs using non-electronic methods,

Coppinger et al. (1999) [41] introduced the photonic time-stretch technique. This

method allows for the measurement and analysis of non-stationary phenomena in

ultra-high-speed systems by slowing down the signal before digitization, enabling

more effective sampling and processing. Fig. 2.1 illustrates and compares the

time-stretch procedure with the direct sampling approach [42].

Fig. 2.1: Digitizer Limitations and Time-Stretch Solution.

The performance of high-speed digitizers is fundamentally limited by several

physical constraints, including comparator ambiguity arising from the finite gain-

bandwidth product of transistors [43], sampling errors caused by clock (aperture)

jitter [44], and intrinsic thermal (Johnson) noise [45]. These factors collectively
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degrade signal fidelity, particularly at high frequencies where timing precision

becomes critical.

As illustrated in Fig. 2.1 (a) and (b), the ENOB decreases as signal frequency

increases, reflecting the inherent trade-off between bandwidth and resolution in

conventional ADCs. Such limitations become increasingly restrictive in ultrafast

optical systems, where preserving temporal accuracy during digitization is essen-

tial for subsequent signal processing.

In Fig. 2.1 (b), the time-stretch technique mitigates these issues by slowing

down the signal before digitization, effectively reducing the impact of aperture

jitter and comparator ambiguity.

Fig. 2.1 (c) and (d) further examine the effects of clock jitter on high-frequency

signal sampling: Fig. 2.1 (c): Even minor jitter causes significant errors in sampled

amplitudes, degrading signal accuracy. Fig. 2.1 (d): Time-stretching decelerates

the signal, significantly reducing the influence of clock jitter while also relaxing

comparator speed requirements. Additionally, time-stretch ADCs are versatile,

supporting both burst-mode and continuous data acquisition, making them ideal

for ultrafast detection applications [41].

A major challenge in high-speed real-time measurements is the limited photon

collection efficiency [46]. This issue is addressed through distributed amplifica-

tion, achieved via stimulated Raman scattering within the same dispersive optical

medium used for time stretching (typically a dispersive fiber) [47]. Alternatively,

discrete amplifiers can be used to further enhance signal strength, as demonstrated

in later sections of this thesis.

Originally designed for real-time ADC conversion with femtosecond temporal

resolution, the amplified time-stretch technique has since been adapted for a wide

range of applications, including spectroscopy and advanced imaging systems [48].
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2.1.2 Mathematical Foundation for Achieving Photonic Time Stretch

In this thesis, photonic time stretch is implemented within a photonic experi-

mental system using a mode-locked laser (MLL) as the light source. The MLL

generates ultrashort optical pulses, produced through mode-locking, a mechanism

that forces many longitudinal cavity modes to oscillate with a fixed phase relation-

ship. This phase coherence causes constructive interference at regular intervals,

forming periodic pulses with extremely short durations (typically femtoseconds to

picoseconds) and broad optical spectra. This section establishes the theoretical

framework for the propagation of ultrashort pulses in optical fibers, detailing the

key principles governing their dispersion and evolution.

To quantitatively describe the time-stretch process and the wavelength–time

mapping mechanism employed throughout this thesis, it is necessary to establish

the mathematical framework governing ultrashort pulse propagation in dispersive

media. The following derivation outlines the fundamental relationship between

the optical pulse envelope, dispersion, and temporal stretching, which forms the

theoretical basis of the photonic time-stretch system used in later chapters.

An ultrashort electromagnetic wave G(t) can be mathematically described as

the product of a plane-wave carrier and an envelope function A(t), such that

[49, 50].

G(z, t) = A(t)E0e
i(ωt−kz+ϕ) (2-2)

Since mode-locked lasers typically exhibit a Gaussian temporal power distribu-

tion, the corresponding ultrashort optical pulse can be modeled with a Gaussian

envelope as:

A(t) = Ae−Γt2 (2-3)

where A represents the pulse amplitude, and the envelope is defined by the
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Gaussian function e−Γt2 . Here, Γ is a parameter that can have both real and com-

plex components. The real part, Γ1, is inversely proportional to the pulse duration

τ and determines the temporal width of the pulse. Here, τ denotes the tempo-

ral full-width at half-maximum (FWHM) of the Gaussian pulse envelope. The

imaginary component governs the time-dependent phase shift Φ(t), influencing

the pulse’s spectral properties.

The phase shift Φ(t) affects the instantaneous frequency of the pulse, ω(t),

which is given by:

τ =
√

2 ln 2
Γ1

(2-4)

ω(t) = dΦ(t)
dt

= ω0 + 2Γ2t (2-5)

In our laboratory, ultrashort optical pulses are generated using a commercial

mode-locked laser (MLL), which produces pulses with a temporal duration of ap-

proximately 800 femtoseconds (fs) at a repetition rate of 50 MHz. Mode locking

(ML) is a fundamental optical technique that enables a laser to emit intense, ultra-

short pulses. This is achieved by establishing a fixed phase relationship among the

longitudinal modes within the laser cavity. The constructive interference of these

modes results in a coherent train of laser pulses. Following pulse generation, the

ultrashort optical pulse is temporally stretched using a dispersive compensation

fiber (DCF) [51]. A DCF is a specially engineered optical fiber that provides large

negative chromatic dispersion through tailored refractive-index and waveguide

design. When placed after standard single-mode fiber, it counteracts the accumu-

lated positive dispersion and re-compresses broadened pulses, enabling effective

dispersion management in optical links. This temporal stretching is a crucial step

in facilitating the implementation of photonic time-stretch techniques, enabling

high-speed signal processing and ultrafast detection applications.
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Assuming that the laser-emitted pulse exhibits a Gaussian temporal profile

A(t), its corresponding Fourier transform G(ω) can be analytically derived [52, 53].

A(t) = A · exp
(

− t2

2τ 2

)
(2-6)

G(ω) = τ
√

2πA · exp
(

−τ 2ω2

2

)
(2-7)

Where the parameter A represents the pulse amplitude, while τ denotes the

Full-Width at Half Maximum (FWHM) of the Gaussian pulse. This τ is identical

to the pulse-duration parameter introduced in Eq. (2.4). For the implementation

of photonic time-stretching, Dispersive Fourier Transformation (DFT) [51]—also

known as real-time Fourier transformation or frequency-to-time mapping—is em-

ployed. DFT uses large chromatic dispersion to convert the pulse’s spectrum into

a time-stretched waveform, enabling real-time spectral analysis without digital

computation. In DFT, strong chromatic dispersion converts the spectrum of a

broadband ultrashort optical pulse into a temporally stretched waveform.

The concept of DFT originates from the analogy between spatial Fraunhofer

diffraction and temporal chromatic dispersion. Fraunhofer diffraction describes

the far-field regime in which the diffraction pattern is the Fourier transform of the

input field. There exists a well-established duality between far-field diffraction of

a light beam through a thin lens and temporal pulse propagation in a dispersive

medium under the second-order dispersion approximation. When a transform-

limited ultrashort optical pulse propagates through a highly dispersive medium,

satisfying the temporal far-field condition, the stretched pulse adopts an intensity

envelope that mirrors the optical power spectrum of the original pulse.

The principle of DFT can be intuitively understood through the dispersion-

stretching effect: Chromatic dispersion introduces a frequency-dependent linear
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time delay to the input optical pulse. Hence, with sufficient dispersion, the spec-

tral components of the broadband pulse become fully separated in time, creating a

one-to-one mapping between the frequency domain and time domain. A schematic

diagram illustrating the concept of DFT is shown in Fig. 2.2.

Fig. 2.2: Schematic Diagram of the Dispersive Fourier Transformation Process in
a Dispersive Medium.

A dispersive element can be modeled as a linear time-invariant (LTI) system,

defined by a transfer function that dictates its behavior during the transformation

process, as expressed below:

H(ω) = |H(ω)| exp [−jΦ(ω)] (2-8)

where H(ω) and Φ(ω) represent the magnitude and phase response of the

dispersive element at an angular frequency ω, respectively. The phase response

Φ(ω) can be expanded using a Taylor series.

Under the second-order dispersion approximation, where higher-order phase

terms are neglected within the spectral bandwidth of interest, the transfer function

and its corresponding impulse response can be expressed as follows:

H(ω) ∼= |H(ω)| exp (−jΦ0) exp
(
−jΦ̇0ω

)
exp

(
−j

1
2Φ̈0

ω2
)

(2-9)

h(t) = F̃−1 [H(ω)] ∝ exp
[
j

1
2Φ̈0

(t − Φ̇0)2
]

(2-10)
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where Φ̇0 represents the group delay, and Φ̈0 denotes the second-order disper-

sion, also referred to as Group Velocity Dispersion (GVD).

Let x(t) and y(t) represent the complex envelopes of the input and output

optical pulses, respectively, for a dispersive element characterized by an impulse

response h(t). If the dispersive device has a sufficiently wide bandwidth that fully

encompasses the entire spectrum of the input optical pulse, the output pulse can

be expressed in terms of the input pulse through a convolution operation:

y(t) = x(t) ∗ h(t) (2-11)

By substituting the impulse response from the equation above, the output

pulse can be expressed as:

y(t) =
∫ +∞

−∞
x(t′)h(t − t′)dt′ ∝

∫ +∞

−∞
x(t′) exp

[
j

1
2Φ̈0

(t − t′)2
]

dt′

∝ exp
(

j
t2

2Φ̈0

)∫ +∞

−∞
x(t′) exp

(
j

1
2Φ̈0

t′2
)

exp
(

−j
1

Φ̈0
tt′
)

dt′ (2-12)

Here, the constant time delay Φ̇0 is omitted to focus solely on the pulse broad-

ening effect induced by dispersion. We assume the incident pulse has a finite pulse

width ∆t0.

If the dispersion is sufficiently large, satisfying the condition:

∣∣∣∣∣ Φ̈0

(∆t0)2

∣∣∣∣∣ ≫ 1 (2-13)

This is commonly known as the temporal Fraunhofer approximation, the

stretched pulse can be further approximated as [54]:
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y(t) ∝ exp
(

j
t2

2Φ̈0

)∫ +∞

−∞
x(t′) exp

(
−j

t

Φ̈0
t′
)

dt′

∝ exp
(

j
t2

2Φ̈0

)
X(ω)

∣∣∣
ω= t

Φ̈0

(2-14)

where X(ω) = F̃ [x(t)] represents the Fourier transform of the input pulse.

The equation above clearly shows that the output temporal pulse envelope is

directly proportional to the input pulse spectrum, with an additional phase factor.

This establishes the principle of Dispersive Fourier Transformation (DFT), also

known as dispersion-induced frequency-to-time mapping.

The equation serves as the theoretical foundation for standard DFT, which

relies on the second-order dispersion approximation. Under this approximation:

a unique, linear one-to-one mapping is established between optical frequency and

time. This mapping is enabled by the linear group delay response with respect to

frequency. Higher-order dispersion effects, if present, may introduce deviations

from this ideal mapping, affecting the accuracy of DFT-based measurements.

Higher-order dispersion refers to third-order and higher-order dispersion terms

that produce nonlinear variations in group delay with optical frequency, leading

to temporal distortions of the stretched waveform.

When higher-order dispersion is taken into account, the frequency-to-time

mapping remains valid as long as the temporal Fraunhofer approximation is sat-

isfied [55, 56]. However, due to the frequency-dependent nature of higher-order

group delay, the mapping relationship becomes nonlinear. In this case, a modified

nonlinear mapping function is required to accurately account for the effects of

higher-order dispersion [57]:

ω = t

Φ̈0
−

∞∑
k=3

 Φ(k)
0

(k − 1)!(Φ̈0)k
tk−1

 (2-15)
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where Φ(k)
0 is the kth-order dispersion coefficient.

This section has presented the mathematical modeling of pulse propagation in

dispersive media, describing how ultrashort optical pulses evolve under dispersion.

It also introduces key parameters such as GVD and higher-order dispersion coeffi-

cients, which influence the accuracy of the time-stretch process. By applying these

principles, PTS enables high-throughput detection across various applications, in-

cluding real-time spectroscopy, biomedical imaging, and optical communication,

making it an essential tool for capturing and processing ultrafast events. In the

next section, we will present examples of PTS applications across various research

fields.

2.1.3 Photonics Time Stretch Enables High-Throughput Detection and

Ultrafast Optics

The PTS technique has revolutionized high-throughput and real-time measure-

ment, addressing the limitations of traditional instruments in capturing ultrafast

signals. By slowing down optical signals for detailed analysis, PTS has become

an essential tool across various disciplines. Its applications span high-speed mea-

surement and detection technologies, including ultrafast optical cameras, optical

imaging, LiDAR, and medical diagnostics [24, 58, 59]. In this section, I will explore

the applications of PTS across various research fields.

In flow cytometry, a major challenge lies in achieving the speed and sensitivity

required to analyze thousands to millions of cells efficiently using current optical

imaging technologies [60]. While these technologies are highly optimized for single-

cell analysis and play a crucial role in modern biology and clinical diagnostics, their

scalability remains limited.

The adoption of PTS has emerged as a promising approach to overcoming

the limitations of conventional optical imaging technologies. As illustrated in
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Fig. 2.3, PTS enables ultrahigh-throughput optofluidic single-cell imaging, achiev-

ing throughput rates 1–2 orders of magnitude higher than traditional imaging flow

cytometers, with the ability to analyze up to 100,000 cells per second [61].

Fig. 2.3: Optofluidic time-stretch imaging system. (a) System architecture of
STEAM. (b) Microfluidic channel configuration for single-cell imaging using spec-
trally encoded illumination. (c) Comparison of CCD, CMOS, and STEAM imag-
ing, showing that STEAM enables blur-free imaging of cells at high flow speeds
due to its ultrashort effective shutter time [61].

Moreover, this technique facilitates the quantification of intrinsic biophysical

markers at the single-cell level—an underexplored class of cellular signatures that

exhibit strong correlations with commonly studied biochemical markers. This

unique capability significantly broadens the scope of cellular analysis and diag-

nostic applications, offering new insights into single-cell characterization.

PTS imaging is widely used for high-speed, high-throughput applications such

as cell screening [62], but its practical implementation faces challenges due to

the massive data burden. To address this, a Fourier-domain-compressed PTS

imaging system with low-pass filtering is proposed, shown as Fig. 2.4, significantly

simplifying the setup by eliminating the need for complementary dispersive media

and optical amplifiers. This reduces signal-to-noise ratio (SNR) degradation while
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maintaining image quality.

Fig. 2.4: Experimental setup of the all-optical Fourier-domain-compressed time-
stretch imaging system with low-pass filtering. OSC: oscilloscope; PD: photode-
tector; MZM: Mach–Zehnder modulator; AWG: arbitrary waveform generator;
SMF: single-mode fibre; OL: objective lens [62].

Experimental validation demonstrates high-resolution imaging of flowing cells

at 1 m/s with 80% data compression, achieving similar performance to conven-

tional methods while reducing data volume for real-time processing. The system

is adaptable across different wavelengths and can be further optimized with bal-

anced photodetection to improve compression efficiency. This innovation enhances

the scalability of OTS imaging, making it more practical for large-scale single-cell

analysis and real-time imaging applications.

Photonics time-stretch has emerged as a key enabler for high-speed LiDAR

(Light Detection and Ranging), particularly in robotics and 3D imaging [63].

In Fig. 2.5, a spectrally scanned time-of-flight (ToF) LiDAR system has been

developed, achieving 1 MHz single-shot imaging and inertia-free scanning using a

single laser and detector. Two implementations: a gain-switched supercontinuum

source (1,550 nm) and a Fourier-domain mode-locked (FDML) laser (1,060 nm).

FDML laser is a wavelength-swept laser in which the tunable filter inside the laser
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cavity is synchronized with the round-trip time of the optical signal in a long

fiber delay line. This synchronization enables rapid and continuous wavelength

sweeping with high stability and narrow instantaneous linewidth, making FDML

lasers particularly suitable for high-speed imaging and sensing applications such

as LiDAR and optical coherence tomography.

Fig. 2.5: PTS-based spectrally scanned time-of-flight (ToF) LiDAR system. In
this implementation, PTS generates a spectro-temporally encoded pulse train in
which different wavelengths illuminate different angular positions, while depth
information is encoded in the temporal delay of the returned echoes [63].

The system utilizes spectro-temporal encoding for potential 2D imaging and

can be enhanced with optical dynamic range compression to extend detection

range. Future improvements, such as bandwidth expansion, pulse optimiza-

tion, and spectral multiplexing, could further boost performance. This approach

demonstrates the potential of photonics time-stretch technology to revolutionize

high-speed, adaptive LiDAR systems for robotics and advanced imaging applica-

tions.

PTS-OCT enables real-time, high-speed imaging, but its massive data volumes

present a significant challenge [64, 65]. To address this, a photonic compressive

sensing approach is proposed, shown as Fig. 2.6 leveraging spectral sparsity to

achieve a 66% data compression ratio, enabling high-throughput OCT at a 1.51-

MHz scan rate with a reduced 50 MS/s sampling rate [64].

Further optimization using a Gaussian-shaped analog random bit sequence
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Fig. 2.6: Block diagram of the compressive sensing PTS-OCT system. A broad-
band pulse from a mode-locked laser (MLL) is first time-stretched by dispersion
compensating fibre (DCF) and sent to a Michelson interferometer for spectral-
domain OCT measurement. The time-encoded signal is then modulated by a pseu-
dorandom binary sequence (PRBS) using a Mach–Zehnder modulator (MZM),
followed by optical integration via opposite dispersion fibre. The compressed
measurements are detected by a photodetector (PD) and reconstructed using ℓ1
minimization[64].

enhances compression efficiency by an additional 10%, while a dual-pulse integra-

tion method improves frequency resolution without increasing data requirements

in [64]. Additionally, primal-dual interior point optimization proves most effec-

tive for accurate and efficient OCT signal reconstruction. This method reduces

data processing demands and enhances measurement resolution and scalability,

advancing high-speed OCT applications.

Time-stretch imaging has proven effective for high-throughput phenotypic

screening, but its application to solid-substrate assays and biomolecular speci-

ficity has been limited. To address this, a spinning time-stretch imaging platform

is developed, shown as Fig. 2.7, integrating ultrafast line-scan imaging (> 10 MHz)

with a functionalized DVD disc for real-time analysis of adherent cell cultures and

biochemically specific assays [66].

By leveraging wavelength-swept laser pulses through a dispersive fiber and
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Fig. 2.7: Spinning time-stretch imaging platform based on a modified DVD. (a)
Optical setup of the time-stretch imaging system, where broadband pulses are
stretched in dispersive fibre and spectrally encoded into a line-scan beam using a
diffraction grating and relay optics to scan the spinning DVD, with detection by a
single-pixel photoreceiver. (b) Functionalized DVD assay platform with multiple
wells on a double-layer polycarbonate disc forming enclosed chambers for cell
culture or cell-capture assays [66].

high-speed DVD spinning, this system achieves an imaging throughput of 100,000

– 1,000,000 cells per second, surpassing traditional automated microscopy, which

is constrained by camera frame rates and stage-scanning speeds. Additionally, it

overcomes resolution-FOV trade-offs inherent in optical microscopy, enabling high-

resolution imaging across an ultra-large field of view. This innovation significantly

advances high-throughput cell imaging and screening technologies.

2.1.4 Summary

This section introduces the theoretical model and principles of PTS. The model

demonstrates how ultrafast optical pulses propagate and undergo dispersion

through a dispersive element, utilizing Dispersive Fourier Transformation to es-

tablish a wavelength-to-time mapping.

Additionally, we explore various applications of PTS in fields such as opti-

cal imaging, LiDAR, and medical diagnostics. However, despite its advantages,
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existing PTS applications still struggle to meet the demands of high-throughput

detection and real-time processing.

To overcome these limitations, this work focuses on machine learning-based

approaches to enhance high-throughput detection capabilities. The next section

provides a detailed discussion on machine learning techniques and their role in

addressing this challenge.

2.2 Machine Learning

2.2.1 Machine Learning overview

Machine learning provides computational models capable of extracting patterns

from data and performing prediction or classification tasks. In high-throughput

optical systems, machine learning is particularly useful for processing the large vol-

umes of time-sequential data generated by photonic time-stretch systems. Among

the various machine learning paradigms, supervised learning is the primary fo-

cus of this thesis, since reservoir computing is typically implemented within this

framework.

In supervised learning, a model is trained using labeled data to learn the map-

ping between inputs and desired outputs. Once trained, the model can generalize

to unseen data by identifying patterns learned during training. Machine learning

techniques can be broadly categorized into three main types, depending on the

specific requirements of the task:

A: Supervised Learning

• Supervised learning aims to establish a mapping between input data (“ob-

servations”) and a target variable (“labels”) [67]. The model utilizes features

extracted from the input data (“feature vectors”) to predict the correspond-

ing labels. Learning is considered successful or generalized when the model

can reliably predict labels for previously unseen data.
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Supervised learning is broadly classified into two categories: Classification,

where labels are discrete (e.g., identifying spam emails or diagnosing dis-

eases); Regression – where labels are continuous (e.g., predicting house prices

or stock market trends).

As the most widely used form of machine learning, supervised learning is

applied across diverse fields, from healthcare and finance to natural language

processing and computer vision. Common algorithms include: Nearest

Neighbor, Näıve Bayes, Decision Trees, Support Vector Machines (SVMs),

and Neural Networks [68, 69].

B: Unsupervised learning

• In some cases, the objective is to identify hidden structures within a dataset

rather than predict specific outcomes. These scenarios fall under unsuper-

vised learning, where data points lack explicit labels. Unsupervised learning

is particularly valuable for tasks such as clustering and dimensionality re-

duction [70].

A common clustering example is an online retailer analyzing historical sales

data to segment customers into distinct market groups. This segmentation

enables targeted advertising campaigns and personalized recommendations.

On the other hand, dimensionality reduction techniques serve as preprocess-

ing tools for supervised learning, helping to: Select relevant features, Com-

press input data to speed up model training, and Visualize high-dimensional

datasets in a lower-dimensional space.

Popular unsupervised learning algorithms include: Clustering: k-means and

Gaussian Mixture Models (GMMs) [71]. Dimensionality Reduction: Princi-

pal Component Analysis (PCA), t-SNE, and Autoencoders [72, 73].

C: Reinforcement Learning:
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• Reinforcement learning (RL) is another learning paradigm in which an agent

interacts with an environment and learns optimal actions through reward-

based feedback. Although RL has achieved success in areas such as robotics

and control systems, it is not directly relevant to this thesis and will not be

discussed further [74] [75] [76, 77].

In some cases, different learning paradigms can be combined to improve per-

formance, commonly referred to as hybrid learning approaches. Hybrid learning

approaches combine elements of different learning paradigms, such as supervised

and unsupervised learning, to leverage both labeled and unlabeled data. A com-

mon example is semi-supervised learning, where a small labeled dataset is used

alongside a larger unlabeled dataset to improve generalization performance. While

hybrid strategies can enhance learning efficiency in certain applications, they are

beyond the scope of this work.

This thesis primarily focuses on supervised learning techniques, where prior

knowledge of the correct output is available. Supervised learning typically involves

optimizing a set of weights, but to prevent overfitting (which often manifests as

excessively large weights), regularization techniques are applied—these will be

discussed in subsequent sections.

Among supervised learning models, neural network architectures have become

particularly prominent due to their strong representation capability.

2.2.2 Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are computational models composed of inter-

connected processing units designed to approximate complex nonlinear mappings

between inputs and outputs [78]. Owing to their strong representation capability,

ANNs have achieved remarkable success in classification and regression tasks.

An ANN typically consists of an input layer, one or more hidden layers, and an

output layer. Each neuron performs a weighted summation of its inputs followed
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by a nonlinear activation function. During training, the connection weights are

optimized to minimize prediction error.

Fig. 2.8 illustrates the analogy between biological neurons and artificial neu-

rons. In artificial neural networks, nodes process incoming signals, connections

transmit information, and weights determine the strength of influence between

neurons.

Fig. 2.8: Neuron and Myelinated Axon: Signal flow from dendritic inputs to
axon terminals. Nodes (neurons) process incoming data, links (synapses) transmit
signals, and weights determine the strength of influence between nodes.

Based on their connectivity structure, neural networks can be broadly cate-

gorized into feedforward neural networks (FFNNs) and recurrent neural networks

(RNNs).

In FFNNs, information flows unidirectionally from the input layer to the out-

put layer without feedback connections, as shown in Fig. 2.9. Due to this acyclic

structure, FFNNs are well suited for static mapping tasks but lack intrinsic mem-

ory mechanisms for modeling temporal dependencies.

In contrast, RNNs introduce feedback connections that allow hidden states to

depend on previous time steps, enabling the modeling of temporal dynamics and

sequential correlations.

Although RNNs are powerful for sequential data processing, they are typically

trained using backpropagation through time (BPTT). Repeated multiplication of

weight matrices across time steps may lead to vanishing or exploding gradients,

which limits the learning of long-range dependencies [79]. While gated variants
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Fig. 2.9: Typical feedforward neural network structure. Information flows strictly
from input to output without feedback connections.

such as LSTM and GRU alleviate these issues, training complexity remains sig-

nificant.

These limitations motivate the exploration of simplified recurrent frameworks

for temporal processing.

2.3 Reservoir Computing

2.3.1 Introduction to Reservoir Computing

ANNs are broadly categorized into two main types: FFNNs and RNNs [80].

FFNNs are the most widely studied and utilized type of neural network. They

consist of three primary components: an input layer, one or more hidden layers

(intermediate layers), and an output layer. The defining characteristic of FFNNs

is their unidirectional flow of information, where data moves strictly from the in-

put layer to the output layer without feedback loops. Due to this acyclic structure,

FFNNs are relatively simple to train, computationally efficient, and well suited

for static mapping tasks such as classification and regression problems, including

image recognition and tabular data analysis [81]. However, FFNNs do not possess

an internal memory mechanism and therefore cannot naturally model temporal
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dependencies or sequential data.

In contrast, Recurrent Neural Networks (RNNs) incorporate feedback connec-

tions that allow hidden states to depend on previous time steps, enabling the mod-

eling of temporal dynamics and sequential information [82]. This makes RNNs

particularly suitable for time-series prediction, speech recognition, and natural

language processing. Nevertheless, conventional RNNs often suffer from issues

such as vanishing and exploding gradients during training, which can limit their

ability to capture long-range dependencies. Variants such as Long Short-Term

Memory (LSTM) and Gated Recurrent Units (GRU) were developed to mitigate

these limitations [80]. Fig. 2.10a illustrates a simple feedforward neural network

with a single hidden layer.

Unlike FFNNs, RNNs introduce feedback loops, allowing hidden states to be

updated recursively based on both the current input and previous hidden states.

This recurrent structure enables the network to maintain an internal memory

of past information, making it capable of modeling temporal dependencies and

sequential correlations in time-series or language data. The feedback connections

within RNNs, as shown in Fig. 2.10b, enable them to model dependencies between

inputs and outputs over time. Mathematically, RNNs can be viewed as nonlinear

dynamical systems in which the hidden state evolves over time according to a

state transition function [83]. This capability makes RNNs particularly suitable

for tasks requiring memory, such as speech recognition, time-series prediction,

and language modeling. However, standard RNNs may suffer from vanishing or

exploding gradient problems during training, which can hinder learning of long-

range dependencies [79]. To address this limitation, architectures such as Long

Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) introduce gating

mechanisms to regulate information flow and preserve long-term context.

Despite their advantages, RNNs are typically trained using gradient-based op-

timization methods, most commonly backpropagation through time (BPTT) [84].
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(a) (b)

Fig. 2.10: Comparison between feedforward and recurrent neural network ar-
chitectures. (a) Feedforward neural network (FFNN), where information flows
strictly from input to output without feedback connections. (b) Recurrent neural
network (RNN), where hidden states are connected across time steps through re-
current feedback loops, allowing the network to retain information from previous
inputs and model temporal dependencies.

In BPTT, the recurrent network is unfolded across time steps to form an equiva-

lent deep feedforward structure, and gradients are computed by applying standard

backpropagation through this temporal unfolding. The gradients are then accu-

mulated across time to update shared parameters. However, because the same

weights are repeatedly multiplied across many time steps, the gradient signals

can either decay exponentially (vanishing gradients) or grow uncontrollably (ex-

ploding gradients), making it difficult to learn long-range temporal dependencies.

To address these limitations, this work focuses on an alternative approach:

reservoir computing. In this method, the internal RNN parameters are not trained

but are instead configured to operate within an appropriate dynamical regime.

Only the readout layer is trained, simplifying implementation and facilitating

hardware applications.

The next section delves into the origins, theory, and practical applications of

reservoir computing.
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2.3.2 Principle of Reservoir Computing

Reservoir Computing (RC) was developed to simplify the training process for Re-

current Neural Networks (RNNs) in supervised learning tasks [85]. Traditional

RNNs require training all network weights, including input, recurrent, and output

connections, which leads to significant computational complexity. They are typi-

cally optimized using gradient-based methods, such as stochastic gradient descent

(SGD), where the gradients of a loss function are iteratively used to update the

model parameters [86].

RC addresses this limitation by keeping the internal reservoir weights fixed and

training only the readout layer, thereby significantly reducing training complexity.

RC was independently introduced in the early 2000s through two primary models:

• Echo State Networks (ESNs) – Proposed by Herbert Jaeger in 2001 [87],

focusing on an engineering-oriented approach. ESNs utilize a randomly initialized

RNN with a topology designed to satisfy the echo state property, ensuring past

inputs gradually fade over time.

• Liquid State Machines (LSMs) – Introduced by Wolfgang Maass in 2002

[88], emphasizing biological plausibility and its application in neuroscience and

robotics.

In both models, input signals are projected into a high-dimensional reservoir,

where complex temporal dynamics are generated before being interpreted by a

simple linear readout layer. A typical RC system consists of three main compo-

nents: an input layer, a dynamic reservoir, and a readout layer, as illustrated in

Fig. 2.11. The input layer projects external signals into a high-dimensional non-

linear reservoir composed of recurrently connected nodes. Within the reservoir,

the internal states evolve according to fixed recurrent connections, generating rich

temporal dynamics that transform the input into a higher-dimensional represen-

tation. Importantly, the reservoir weights remain fixed after initialization and are

not trained. Only the linear readout layer is optimized, typically using simple
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linear regression or ridge regression. This separation between dynamic state gen-

eration and output learning significantly reduces training complexity and makes

RC particularly suitable for hardware implementation and real-time processing.

Fig. 2.11: Schematic Representation of a Reservoir Computing System. Input
Layer: Feeds the input signal into a nonlinear dynamical system (the reservoir);
Reservoir layer: A fixed recurrent neural network (RNN) with random, untrained
weights that captures temporal dependencies; Output Layer: A trainable linear
layer that maps the reservoir’s states to the desired output.

Fig. 2.11 provides a schematic representation of a RC system. The input

signals are injected into all or a subset of reservoir nodes, which are randomly

interconnected through recurrent connections. The resulting reservoir states are

then propagated to the output layer, as indicated by the dashed arrows in the

figure.

Each connection in the system is associated with a weight, organized

into weight matrices denoted as W. During training, only the output layer

weights—those connecting the reservoir states to the output layer—are updated,

while all other weights within the reservoir remain fixed. This approach simpli-

fies training while preserving the system’s ability to process complex temporal

patterns.

Echo State Networks (ESNs) are a specialized form of Recurrent Neural Net-

works (RNNs) used for supervised temporal machine learning tasks [89]. Given

a training dataset, where the input signal u(n) ∈ RNu corresponds to a desired
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target output ytarget(n) ∈ RNy , the goal is to train a model that generates an out-

put signal y(n) that closely approximates ytarget(n) while generalizing effectively

to unseen data.

The model is optimized by minimizing an error measure, typically the Mean-

Square Error (MSE) or the Root-Mean-Square Error (RMSE), providing a quan-

titative evaluation of performance. The Normalized RMSE (NRMSE) further

normalizes the error based on the variance of the target signal, ensuring scale-

invariance.

E(y, ytarget) = 1
Ny

Ny∑
i=1

√√√√ 1
T

T∑
n=1

(
yi(n) − ytarget

i (n)
)2

(2-16)

The RMSE is averaged over the Ny dimensions i of the output. To make the

error metric scale-independent, RMSE is normalized by dividing it by the variance

of the target signal ytarget(n), resulting in the NRMSE.

The NRMSE provides an absolute measure of error, unaffected by the arbitrary

scaling of ytarget(n). A value of 1 is obtained if the output y(n) is a constant set to

the mean of ytarget(n), indicating a baseline performance. For a well-performing

model of a stationary process, the NRMSE typically falls between 0 and 1.

The normalization and square root components enhance interpretability, en-

suring comparability across datasets. Notably, minimizing the NRMSE also mini-

mizes the unnormalized MSE, provided no additional penalties or weighting terms

are introduced.

ESNs typically employ leaky-integrated, discrete-time neurons with continuous

activation values, where the reservoir update equations are:

x̃(n) = tanh
(
Win[1; u(n)] + Wx(n − 1)

)
(2-17)

x(n) = (1 − α)x(n − 1) + αx̃(n) (2-18)
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where x(n) ∈ RNx represents the reservoir state vector, and x̃(n) ∈ RNx is

its update, both at time step n. The matrices Win ∈ RNx×(1+Nu) and W ∈

RNx×Nx are the input and recurrent weight matrices, respectively. The parameter

α ∈ (0, 1], known as the leaking rate, controls the degree of leaky integration,

influencing the reservoir’s memory and temporal dynamics. The function tanh(·)

is applied element-wise. While tanh(·) is the most commonly used activation

function, other sigmoid-like functions can also be employed.

In the special case where α = 1, the leaky integration is effectively disabled,

and the update simplifies to x̃(n) ≡ x(n).

The network output is computed as:

y(n) = Wout[1; u(n); x(n)] (2-19)

where Wout is the only trainable parameter, obtained through linear regression

to minimize the error between y(n) and ytarget(n).

An additional nonlinearity can be applied to y(n), providing greater flexibility

to the output function. Additionally, feedback connections Wfb from (n − 1) to

x̃(n) can be introduced to enhance the model’s temporal dynamics, allowing it to

capture more complex dependencies over time.

Fig. 2.12 graphically represents an RC, illustrating its notation and training

approach. The figure outlines the data processing procedure. In a typical RC, the

first step involves generating a large random reservoir in the hidden layer. This is

achieved by constructing a recurrent neural network with random input weights

(Win), random recurrent weights (W), and a defined leaking rate (α).

Once initialized, the network is trained using the input u(n), which drives the

reservoir, producing activation states x(n). These states are then collected. In the

readout layer, linear regression is applied to determine the output weight matrix

Wout by minimizing the mean squared error (MSE) between the network output

y(n) and the target output ytarget(n). During testing, the trained output weights

38



CHAPTER 2. BACKGROUND STUDY AND LITERATURE REVIEW

Fig. 2.12: Schematic of an Echo State Network (ESN). The input signal is pro-
jected into a randomly connected recurrent reservoir, where the internal states
generate rich nonlinear temporal dynamics. The reservoir connections remain
fixed, while only the output (readout) layer is trained. The network output is
compared with a target signal to compute an error, which is used to update the
readout weights.

Wout are applied to compute y(n) for new input data u(n).

Designing an effective reservoir is critical for optimal performance. Key pa-

rameters such as the spectral radius, leaking rate, and echo state property must

be carefully tuned to ensure stable and efficient dynamics.

2.3.3 Factors in Designing an Effective Reservoir Computing Structure

A: Spectral Radius and Stability

For a reservoir computing system to be effective in time-series computation,

it must exhibit fading memory—a property ensuring that past inputs gradually

lose their influence over time [90]. This can be achieved by appropriately scaling

the reservoir weight matrix (Wres) to maintain stability. Optimizing the spectral

radius—the largest absolute eigenvalue of the weight matrix—is crucial for fine-

tuning the reservoir’s dynamic behavior.

The spectral radius (ρWres) determines the reservoir’s stability and memory

retention. It is defined as the largest absolute eigenvalue of the reservoir connec-

tion matrix. The closer the reservoir dynamics are tuned to the edge of stability

(ρ ≈ 1), the longer the system retains information about past inputs, optimizing
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performance for many tasks [91]. The spectral radius determines the strength

of feedback from previous reservoir states. If it is too small, past inputs quickly

vanish and the reservoir loses memory; if it is too large, the dynamics may become

unstable or chaotic. Hence, setting it near the edge of stability balances memory

retention and stability, which is critical for time-series computation.

For neurons with a maximum gain of one, such as those using the tanh acti-

vation function, the spectral radius directly corresponds to the largest eigenvalue

of the interconnection matrix Wres. If the neuron gain differs from one, an up-

per bound for the spectral radius can be computed by incorporating the neurons’

maximal gain function f .

Given a reservoir weight matrix Wres of size n × n, with complex or real

elements (Wres ∈ Cn×n), and a diagonal matrix Gmax representing the neurons’

maximum gain, an upper bound for the spectral radius is:

ρWres ≤ max
1≤i≤n

|eigi (GmaxWres)| (2-20)

The spectral radius serves as an indicator of network stability: When ρ > 1,

the network may become unstable, leading to unbounded activations. For zero

input, instability always occurs if ρ > 1. For non-zero input, instability may

occur when ρ > 1, but it depends on the system’s actual gain at a given time.

To ensure stability, the spectral radius is typically adjusted close to unity. In

practice, slightly exceeding ρ = 1 may still provide optimal performance for some

tasks [92].

B: Leaking Rate (α) in Reservoir Computing

The leaking rate (α) in reservoir nodes determines the speed of state updates

in a discrete-time system. It can be interpreted as the rate at which the reservoir

updates its dynamics, and it has a continuous-time counterpart expressed as an

Ordinary Differential Equation (ODE):
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ẋ = −x + tanh
(
Win[1; u] + Wx

)
(2-21)

Applying Euler’s discretization to this ODE leads to:

∆x

∆t
= x(n + 1) − x(n)

∆t
≈ ẋ (2-22)

Through this discretization, α corresponds to the sampling interval (∆t) in the

continuous domain, representing the time step between two consecutive updates

in the discrete-time realization. The role of α is similar to resampling the input

u(n) and target output ytarget(n), particularly for slow signals. α can be adjusted

dynamically to compensate for time warping in signals [93]. Instead of using α as

a discrete sampling interval, it can also be introduced as a time constant (∆t ≡ 1)

in Eq. (2-21).

While there are variations in how leaky integration is implemented [94], the

standard formulation in Eq. (2-18) is widely preferred because it ensures that the

reservoir state x(n) remains bounded within (−1, 1), preventing instability.

From a signal processing perspective, leaky integration in Eq. (2-18) can

also be seen as a digital low-pass filter, commonly referred to as exponential

smoothing. Some studies suggest replacing this simple filter with more advanced

filtering techniques to refine the system’s behavior [95].

C: Training Readouts and Ridge Regression

Since the readout layer in an ESN is typically linear and feedforward, its output

can be expressed in matrix form as:

Y = WoutX (2-23)

where Y ∈ RNy×T contains all network outputs y(n), and X ∈ R(1+Nu+Nx)×T

includes all input and reservoir states [1; u(n); x(n)], generated while presenting

the reservoir with u(n).
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To find the optimal output weights Wout, we minimize the squared error be-

tween the network output y(n) and the target output ytarget. This corresponds to

solving an overdetermined system of linear equations:

Ytarget = WoutX (2-24)

A widely used approach for training the output weights is ridge regression

(Tikhonov regularization), which provides a stable and universally applicable so-

lution:

Wout = YtargetX⊤
(
XX⊤ + βI

)−1
(2-25)

where β is a regularization coefficient, and I is the identity matrix, used to

prevent overfitting by penalizing large weight values.

D: Readouts for Classification

This thesis primarily focuses on classification tasks, including basic waveform

classification, frequency classification, and spoken-digit classification. For short

time-series classification, the output y(n) is structured such that each class corre-

sponds to a specific output dimension. The target output ytarget(n) is defined as

1 for the correct class and 0 for all other classes.

The predicted class is determined using the argmax function:

class(u(n)) = arg max
k

(
1

|τ |
∑
n∈τ

yk(n)
)

= arg max
k

((Σy)k) (2-26)

A more efficient method refines the above equation using the time-averaged

reservoir states Σx:

Σy = 1
|τ |

∑
n∈τ

y(n) = WoutΣx (2-27)

where Σx represents the time-averaged input and reservoir state vector over τ .
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Instead of minimizing the error for each time step n, training can be optimized

by minimizing the error between time-averaged values

E(Σytarget, Σy) (2-28)

This allows individual y(n) values to deviate from ytarget(n) as long as their

time-averaged counterpart Σy remains close to Σytarget. For short sequences, the

target remains constant:

ytarget ≡ Σytarget = ytarget(n) = const (2-29)

For long temporal sequences, such as detection and classification tasks, spe-

cial considerations must be made for signal shape, duration, delays, and pattern

formation in u(n).

2.3.4 Hardware Implementation of Reservoir Computing

The theoretical model and operating principles of Reservoir Computing (RC)

have been outlined above. With its energy efficiency, high-speed processing, and

real-time signal analysis capabilities, RC has become a powerful technique for

time-series data processing, drawing significant research interest. As a result, var-

ious hardware implementations have been developed to enhance its performance

and expand its applications across different fields, including Mechanical Reservoir

Computing [96], Acoustic Reservoir Computing (ARC) [97], Electronic Reser-

voir Computing (ERC) [98], and Optoelectronic & Photonic Reservoir Computing

(PRC) [99]. The following section provides a brief overview of these hardware-

based advancements in RC.

Mechanical Reservoir Computing (MRC) utilizes mechanical devices, such as

mechanical oscillators, as reservoirs in the hidden layer [100]. By leveraging the

inherent physical dynamics for information processing, MRC significantly reduces
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computational power consumption, making it highly energy-efficient. Addition-

ally, since it relies on physical implementations rather than conventional electronic

computation resources, it minimizes the demand for traditional computing infras-

tructure.

MRC has broad real-world applications, particularly in robotics and sensing.

In robotics-based physical reservoir computing, the robot’s body functions as a

highly specific dynamical system, where observed states and dynamic transforma-

tions are crucial for task execution. This approach has been successfully applied

in real-time robot control and optimization [100].

In sensing applications, MRC typically employs micro-mechanical devices that

serve both sensing and computing functions. For instance, as demonstrated in

[101], a delay-coupled electromechanical reservoir computing system utilizes a

Duffing non-linear silicon beam as the computational medium, with virtual nodes

multiplexed in time. This system enables accurate temporal input processing with

minimal error rates, showcasing the potential of MRC in high-precision sensing

and real-time data analysis.

Acoustic Reservoir Computing (ARC) leverages sound waves and acoustic

propagation dynamics to implement reservoir computing. By utilizing sound

propagation through physical media, ARC enables energy-efficient and robust

time-series data processing [97].

In ARC, input signals such as audio and vibrations are encoded into an acous-

tic medium and transmitted into the reservoir layer. Within this layer, signals

propagate through a complex medium, undergoing nonlinear transformations and

temporal mixing. This inherent complexity enhances computational power while

maintaining efficiency.

ARC has been explored in various experimental setups, including Acoustic

Waveguides, Surface Acoustic Waves (SAW), and MEMS-Based Acoustic Reser-

voirs [102, 103]. For instance, in [102], a proof-of-concept SAW-based reservoir
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computing system was introduced, utilizing electronic memory to simulate a de-

lay line. The study measured the linear and nonlinear transmission properties

of two-port SAW resonator devices, where SAW resonators served as the physical

reservoir medium. The nonlinear process was achieved through nonlinear acoustic

wave interactions, enabling complex computational tasks such as radio frequency

signal processing.

Electronic Reservoir Computing (ERC) typically employs Field-Programmable

Gate Arrays (FPGAs), digital logic gates, flip-flops, and other digital components

[98, 104] to implement reservoir computing architectures. This structure offers

key advantages such as reconfigurability, parallel processing, and high-speed com-

putation.

Different types of ERC exist depending on the specific devices used, includ-

ing memristors, spintronic oscillators, ferroelectric devices, and ionic transistors

[105, 106]. These devices contribute to memory storage and introduce nonlin-

earity, enhancing computational efficiency. For instance, in [106], a fully analog

reservoir computing (RC) system was demonstrated, utilizing dynamic memris-

tors (DMs) as reservoir nodes and non-volatile memristors (NVMs) as the readout

layer. This memristor-based analog RC system achieved real-time signal process-

ing with an efficiency improvement of three orders of magnitude over digital imple-

mentations. Performance evaluation through arrhythmia detection and dynamic

gesture recognition demonstrated high classification accuracy, reaching 96.6% and

97.9%, respectively.

Optoelectronic & Photonic Reservoir Computing (PRC) encompasses a broad

range of hardware implementations rather than a single architectural approach.

Early demonstrations relied on delay-based single-node reservoirs using optical

fiber loops or optoelectronic feedback systems, while more recent developments

include spatially distributed integrated photonic reservoirs based on microring
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resonators, semiconductor lasers with delayed feedback, microcomb sources, sili-

con photonic circuits, and free-space diffractive optical networks [99] [107]. These

platforms exploit optical nonlinearity, ultrafast carrier dynamics, and inherent

parallelism of light to achieve high-speed and energy-efficient computation.

Among these, Optoelectronic and Photonic Reservoir Computing (PRC) has

emerged as a leading approach due to its exceptional speed, energy efficiency,

and scalability. Compared to electronic implementations, PRC offers distinct

advantages: Ultrafast processing at near-light speed; High bandwidth for handling

large-scale data streams; Lower power consumption than traditional electronic

reservoirs. This section explores photonic implementations of RC, emphasizing

their architectural strengths and real-world applications.

2.3.5 Photonics Reservoir Computing

PRC involves various design paradigms and implementation strategies, particu-

larly in practical applications. These approaches can be classified based on node

types, implementation techniques, and emerging methodologies. In this section,

I will introduce two types of Photonic Reservoir Computing (PRC), which uti-

lize two primary node types: physical nodes and virtual nodes. Each of these

methodologies represents a critical evolution in PRC design, enhancing its versa-

tility and broadening its application potential. Further discussions will explore

their advantages, limitations, and practical implementations.

A: Physical Nodes in PRC:

Physical nodes are discrete optical components [31] or optical carries (wave-

length) [32] within the reservoir layer, forming an optical node array. These

nodes are directly implemented using elements such as semiconductor optical am-

plifiers (SOAs) or microring resonators, creating a structured and tangible com-

putational network. Beyond traditional optical component arrays, a specialized

form of physical nodes, known as Spatial Photonic Reservoir Computing, extends
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PRC to spatial information processing in free-space [34]. This approach leverages

spatial light modulators (SLMs) or Digital Micromirror Device (DMD) to encode

and manipulate spatial data, enabling reservoir computing in spatial domains and

expanding PRC applications beyond temporal processing. Additionally, optical

carriers, particularly wavelengths, can also serve as nodes [108]. In general, a

photonic reservoir utilizing frequency and wavelength multiplexing can further

expand the size and complexity of the reservoir nodes.

The following demonstrates photonic reservoir computing using physical nodes,

including specific optical components, spatial information processing-based phys-

ical nodes, and physical nodes with wavelength nodes.

(i) Photonics Reservoir Computing with Physical node

PRC with a physical array typically utilizes a network of interconnected pho-

tonic nodes, where each node is a distinct optical component (e.g., microring res-

onators, optical waveguides, fiber loops). These nodes act as nonlinear elements,

creating a high-dimensional representation of input data. Readout is performed

via detectors that capture the final output state [109].

The spatial distribution of optical nodes enables parallel processing of input

signals, enhancing computational efficiency. Additionally, the physical separation

of nodes reduces interference, minimizes sensitivity to noise, and improves sys-

tem stability. For more complex tasks, increasing the number of nodes enhances

accuracy and efficiency.

Various PRC systems have been designed using physical node arrays with

optical components. Fig. 2.13 illustrates a 4 × 4 swirl-topology photonic reservoir

integrated on a silicon chip [110]. This reservoir employs nonlinear microring

resonators as nodes, each comprising a single microring resonator interconnected

through waveguides with typical propagation losses of 3.0 dB/cm.

The key findings highlight the reservoir’s strong performance in executing the

delayed XOR task across various operational conditions. It achieves processing
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(a) (b)

Fig. 2.13: (a) Schematic of the 4 × 4 swirl-topology photonic reservoir. (b)
Diagram of a silicon-on-insulator (SOI) microring resonator serving as a nonlinear
node within the reservoir.

speeds of 20 Gb/s with bit error rates (BER) below 10−3 while maintaining an

average injection power of less than 2.5 mW.

Moreover, the system exhibits high robustness to heterogeneities, including

variations in the resonance frequencies of nonlinear nodes, ensuring stable perfor-

mance even in non-ideal conditions.

These results underscore the effectiveness of the integrated photonic reservoir,

which leverages a swirl topology and nonlinear microring resonators for Boolean

tasks like the delayed XOR task. Its exceptionally low power consumption further

establishes it as a scalable and energy-efficient solution for high-speed photonic

computation.

(ii) Spatial reservoir computing

For physical reservoirs implemented with discrete optical components, the

number of nodes is typically limited to only a few tens in early demonstrations

(e.g., fewer than 23 neurons in some on-chip implementations), while more re-

cent integrated approaches have reached a few hundreds of virtual nodes (e.g.,

512 nodes using spatiotemporal encoding) [111]. Such limited node counts con-

strain the representational capacity and memory depth of the reservoir, thereby

restricting overall computational performance.

To address this limitation, researchers have turned to spatial light-based RC.
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By leveraging spatial light modulation, this approach overcomes the constraints

of RC system based on discrete optical components, enabling higher processing

speeds and improved chip-scale integration. A key advantage of spatial photonic

reservoir computing (PRC) is its ability to perform true parallel processing, as all

nodes process information simultaneously. Additionally, software implementations

of spatial PRC have also been explored.

Traditional photonic computing is limited by slow memory operations, restrict-

ing dynamic processing capabilities. To overcome this, a spatiotemporal photonic

computing (STPC) architecture is proposed, shown as Fig. 2.14 integrating high-

speed temporal computing with parallel spatial computing to achieve ultrafast

dynamic machine vision [112]. The system eliminates memory read/write bottle-

necks by directly processing optical signals, significantly enhancing computational

efficiency.

Fig. 2.14: Core architecture of the spatiotemporal photonic computing (STPC)
unit. The left panel shows the experimental implementation, including spatial
modulation (DMD), spatial-to-temporal multiplexing, temporal weighting and
buffering, and nonlinear activation using an SOA. The right panel presents the
corresponding network model with temporally unfolded slices and matrix–vector
multiplication [112].

Experimental validation shows that STPC improves photonic processing speed

40-fold while reducing parameters 35-fold. A wavelength-multiplexed STPC

(WMUX-STPC) system achieves frame times as low as 3.57 nanoseconds, enabling
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real-time analysis of nonrepetitive transient visual phenomena. Future advance-

ments in high-speed modulators, multimode fibers, and photonic integration are

expected to further scale its capabilities. This architecture revolutionizes ultra-

fast machine learning and optical computing, with applications in autonomous

systems, ultrafast science, and real-time light-field control.

There also has a method to achieve the reservoir nodes using wavelength. A

dual time- and wavelength-multiplexed coherent photonic reservoir is capable of

supporting hundreds old neurons. And in the method a frequency comb is created

and allow for spectral mixing of non-adjacent nodes to enrich the reservoir states,

as shown in Fig. 2.15 [108].

Fig. 2.15: Schematic of the Time- and wavelength-multiplexed reservoir
computing.[108]]

This approach significantly increases the reservoir’s effective size and complex-

ity, thereby improving its ability to handle complex classification and prediction

tasks. Simulation studies have demonstrated the efficacy of this design, showcas-

ing its superior performance in time-series prediction and IP packet filtering tasks.

The increased dimensionality and complexity of the reservoir enable enhanced ac-

curacy for sophisticated AI applications, positioning this architecture as a strong

candidate for high-efficiency, low-latency photonic AI processors.

B: Virtual Nodes in PRC:
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Although PRC with a physical node array offers advantages in processing ef-

ficiency and structural simplicity, it also has notable drawbacks. Because of the

limitation of physical nodes using discrete optical components, the performance

of the RC system is also limited. Since each node consists of separate optical com-

ponents, fabrication complexity and high costs are major concerns. Additionally,

scalability is limited by physical size constraints, and the fixed network structure

makes reconfiguration challenging.

Hence, to improve the performance and to reduce the reply on the physical

nodes or optical carrier, a method based on a nonlinear node and a delay loop is

proposed, call delay-based reservoir computing. The concept of delay line-based

RC, first introduced by Appeltant et al. [113] and Pacquot et al. [114], utilizes

a single nonlinear node with delayed feedback to reduce hardware complexity in

photonic systems. In a delay-based RC system, a single nonlinear optical node

(e.g., a semiconductor laser or optical modulator) generates a sequence of virtual

nodes over time through delayed feedback. Instead of using multiple physical

nodes, time-multiplexing simulates neurons in the reservoir layer. The system

relies on a delay loop, typically implemented with an optical fiber or feedback

laser cavity, where signals propagate to form a reservoir.

A typically schematic of the delay-based reservoir computer is shown in

Fig. 2.16 [109]. This configuration allows the delay line to effectively emulate a

high-dimensional reservoir, achieving simplicity and scalability with minimal hard-

ware requirements. A one-dimensional input signal (in red) is first pre-processed

using the masking function m(t). The introduction to the input mask will be

provided in Chapter 4. Virtual nodes are defined along the delay line and form

the reservoir (in green). The output layer (in blue) is unaltered from the standard

RC structure.

At each delay interval τ , a new output value ymathrmout(n) is generated. This

value is computed as a linear combination of the θ -spaced taps along the delay
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Fig. 2.16: Structure of a delay line-based reservoir computer.[109]

line, which represent the virtual neurons. The output remains constant over the

entire delay time τ . While each virtual node corresponds to a measurement point

or tap along the delay line, physical realization of these taps is unnecessary. Since

the signal x(t) revolves unchanged within the delay line, a single measurement

point suffices to gather all necessary data.

For training purposes, the reservoir state x(t) is sampled at each time step θ.

These samples are reorganized into a state matrix S, with dimensions determined

by the number of virtual nodes N (width) and the number of input samples T

(length). The ith column of S contains the time series of the ith virtual node, influ-

enced by the input signal, masking, and the nonlinear node’s dynamical behavior.

The state matrix S is constructed iteratively, one input sample at a time.

Unlike physical nodes, virtual nodes utilize the system’s dynamic temporal

properties to construct a high-dimensional computational space, enhancing pro-

cessing efficiency. There are two primary methods for implementing virtual nodes

based on different data injection strategies: Opto-Electronic Reservoir Computing

(OERC) and All-Optical Reservoir Computing (RC) [115].

OERC integrates analog-to-digital converters (ADCs) between the reservoir

and readout layers, bridging optical processing with electronic signal processing.

This method is suitable for scenarios where electronic control over the reservoir
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